This study investigates the effectiveness of the combination of global (natural frequency) and local (curvature mode shape) vibration characteristics of a glass fibrereinforced plastic sandwich beam-like structure when introduced to artificial neural networks for severity and location prediction of various damage with different extent at different locations. A finite element modelling and analysis tool is used to obtain the dynamic characteristics of both intact and damaged cantilever sandwich structures and the sensitivity analyses aiming at finding the necessary features are performed. Finally, predictions are made for the damage quantification and localisation via designed supervised feed-forward backpropagation artificial neural networks.
Introduction
Glass fibre-reinforced plastic (GFRP) sandwich structures with foam core are widely used in construction of advanced high performance aeronautical, marine and offshore structures, because of their light-weight, high strength, easy fabrication, long term durability and excellent corrosion resistance [1] . However, during their service life, these structures experience extreme loading and harsh environmental conditions leading structural damage. They have damage which may possibly initiate both at fibre/matrix level (such as fibre fracture, fibre buckling, fibre splitting, fibre pullout, fibre/matrix debonding and matrix cracking) and at laminate level (such as delamination between the layers of the laminate, transverse cracks leading lamina failure and fibre-dominated failures). All these different types of damage [2] affect the dynamic behaviour and the service life of the structure and therefore must carefully be investi-gated in their early stages [3] . The main challenge here is to design a structural health monitoring system that is capable of detecting the damage signature in service using vibration-based analysis data without a priori information about the location of the damage. The quantification of the severity and the investigation of the location of the damage are considered as inverse and non-unique problems as the damage signature might be the same for different extents of damage occurring at different geometrical locations of the structure. To overcome this problem, artificial neural networks (ANNs) [4] can be designed and trained through a learning process. In this study, supervised feed-forward backpropagation ANNs with one hidden layer are designed and different combinations of vibration-based input (reduction in natural frequencies and change in curvature mode shapes) and output (damage severity and damage location) pairs [5, 6, 7] are introduced to these networks for the training and validation runs. After finishing the training and validation processes, the designed ANNs are also tested for the new damage cases and checks are made for severity and location predictions.
Finite Element Modelling and Analysis

Beam Model
The GFRP sandwich beam structure (450mm x 40.5mm x 14.6mm) used during the analysis has four equal layers of unidirectional glass fibre with layer orientation of [0
• ] s and total thickness of 1.3mm on each side of a 12mm thick linear polymer foam core.
Intact Beam
Three dimensional higher order solid elements in ANSYS11 R [8] (SOLID95 for core and SOLID191 for GFRP laminated skin) are used to model the GFRP sandwich beam. The finite element model (FEM) has 90 and 6 element divisions along the length and the width respectively and it has one element through the thickness in both the upper and the lower skins, and the foam core. It also has 1620 elements (1080 and 540 elements in SOLID191 and SOLID95 types of elements, respectively) with 9163 nodes in total. The cantilever boundary condition is satisfied at the root of the beam by making all nodal degrees of freedoms equal zero. The FEM of the intact GFRP sandwich beam is shown in Figure 1. 
Damaged Beam
In order to create various damaged beams, the elements located at the upper surface of the intact beam with different extents are removed in the FEM as it can be assumed that the load carrying mechanism of GFRP plastic skin reduces drastically when it is separated from its foam core by simulating a damage model of debonding in the sandwich beam. In the FEM, 5 different damage severities (i.e. extent of 10mm, 
Frequency Analysis
On 130 individual damaged beam models, normal mode dynamic analyses are performed in order to find the first three undamped natural frequencies [7] and corresponding out-of-plane bending displacement mode shapes. The damaged natural frequencies are normalised with respect to the intact ones in order to consider the effect of frequency reduction due to structural damage. Table 1 summarises the first three natural frequencies of the intact sandwich beam and that of the two selected damaged beams which are previously shown in Figure 2 . It can be seen from the Table 1 
Curvature Analysis
As normal mode dynamic analysis provides the first three displacement mode shapes of the cantilever beam comprising all 9163 nodes, only 181 collocation points (i.e. nodes) located along the centre line of the beam span between the GFRP skin and the foam core are selected to obtain one-dimensional out-of-plane bending displacement mode shapes. After normalising these three one-dimensional mode shapes individually with respect to the value of the node which is the closest to the cantilever end in location, curvature mode shapes are then calculated by using a central difference approximation given in Equation (1).
In this equation ν i , ν i , h and i are the curvature, normalised displacement, the distance between two collocation points (taken as 34 out of 181 nodes) in the FEM and the number of collocation points on the beam model, respectively. Since the length of each element in the FEM is constant along the span of the beam and the absolute differences between the curvature mode shapes of the intact and the damaged structures are of primary interest, the h 2 term appears as a constant scaling factor and is taken as unity for the sake of simplicity.
Vibration-based Feature Extraction
Frequency-based Features
The effect of the severity and the location of the damage on natural frequencies are investigated by considering the variations of the percentage reduction in the frequencies for the first three natural modes [7] . It can be concluded from these natural frequency analyses that different modes of the beam are affected up to different extents when 5 different damage severities at 26 different locations along the beam are considered. Therefore, more than one mode of the beam (i.e. the first three modes) is used in the analyses and the reduction in natural frequencies due to various damage is chosen as the first frequency-based feature for damage predictions.
Curvature-based Features
After considering the effects of natural frequency reduction, the maximum absolute differences in curvature mode shape of the intact and the sample damaged beam having 10mm damage extent are investigated. Figure 3 shows the variation of the absolute difference in curvature modes at 34 spatial locations at that particular damage severity for 26 different locations in the first three out-of-plane bending modes. In order to reduce the number of inputs to be used in the ANN analyses, only the maximum value of the absolute difference in individual curvature mode is selected. It can also be observed from the figure that the maximum absolute difference occurs near the damage location. As a result, the maximum value of the absolute difference in curvature and its corresponding location along the beam obtained from three different modes are nominated as two additional frequency-based features for damage identification.
Artificial Neural Network Applications
Design of ANNs
Supervised feed-forward backpropagation ANNs with one hidden layer are designed by using neural network toolbox [9] of MATLAB R and different combinations of input (Reduction in Natural Frequencies -RNF, Maximum Absolute Difference in Curvature mode shape -MADC and its spatial Location along the span of the beam -LOC) and output (Damage Severity -DS and Damage Location -DL) pairs are then introduced to these networks for the training and the validation runs. Table 2 shows all designed ANN architectures where the values are separated by semicolons showing the total number of neurons in the input, hidden and output layers respectively. 
Training and Validation of ANNs
In the analysis, 130 different damage scenarios are generated by using 5 different damage severities at 26 different locations through the span of the beam. 100 inputoutput pairs are given to the ANN for training and the remaining 30 input-output pairs (approximately 25% of the total training data set) are used to check the generalisation of the learning through the validation process. As the input data which will be fed into ANNs should not be too close to 0 or 1 in order to avoid numerical difficulties, a normalisation [10] is performed over the by using Equation (2). Here, x i is the data to be normalised, x i is the normalised form of the data to be provided for ANNs and α (=1.1) and β (=0.9) stand for the normalisation constants. Maximum absolute differences in curvature mode shape data are also normalised using Equation (2) . As the location information data are in terms of meters (i.e. between 0.05m and 0.3m), there is no need to normalise that particular data which is already between 0 and 1.
All designed ANNs in Table 2 are trained with input-output pairs normalised by using the aforementioned process for various different number of epochs (i.e. the number of presentation of the training input set to the designed ANN) to obtain the mean square error (MSE) values and the corresponding regression curves. Among all fifteen ANNs, the fifth, eighth, tenth and the thirteenth ones in Table 2 When it comes to damage severity predictions, using MADC and RNF together as an input (i.e. ANN No:10) performs better in estimations by knowing the fact that RNF is a strong indicator for the damage extent [7] . In Figure 6 , MSE value reaches to 2.54·10 
Testing of ANNs
Having completed the training and validation processes, the designed ANNs are also tested for the new damage cases and checks are made for severity and location predictions. Fifteen different cases are used to test the trained neural networks and they are shown in Table 3 . In this table, the first three damage test cases are at same location (i.e. 180mm from the cantilever end) and the next three, on the other hand, have the By considering the minimum MSE and better convergence performances with increase in number of epochs during the training of different ANN architectures, the fifth, eighth, tenth, twelfth, thirteenth, and fifteenth ANNs in Table 2 Table 3 : ANNs used in the damage identification
Damage Location Predictions
In the fifth ANN (MADC-DL), the maximum absolute difference in curvature mode shapes (MADC) are given as an input and the location of the damage is predicted as an output. Later, in the eighth ANN (MADC&LOC-DL), the maximum absolute difference in curvature mode shapes and its location (LOC) are used as an input for the predictions. The test results of these ANNs can be seen in Figure 8 and Figure 9 , respectively. The dotted lines in these damage location prediction figures indicate ±10mm difference from the expected target values. It can be seen from the these figures that providing of location information (LOC) together with MADC ( Figure 9 ) improves damage location predictions.
Damage Severity Predictions
In order to predict damage severities, the tenth ANN (RNF&MADC-DS) where reduction in natural frequecies (RNF) and the maximum absolute difference in curvature mode shapes (MADC) are used as an input is tested. The predictions of this particular ANN is shown in Figure 10 . The next test run aiming to find damage severity is performed by using the thirteenth ANN (RNF&MADC&LOC-DS) with an additional location (LOC) information. Figure 11 shows the test results of this ANN. The dotted lines in these damage severity prediction figures indicate ±2.5mm difference from the expected target values. 
Damage Severity and Location Predictions
In this section, the twelfth and the fifteenth ANNs are tested for both damage severity and location predictions. The aim here is to investigate both the effect of providing additional location information on a selected damage detection algorithm and the performance of single ANNs (No:12 and No:15 in Table 2 ) which aim to find damage severity and location in single training, validation and test run which can also be compared with that of two separate ones (ANN No:10, ANN No:11 and ANN No:13, ANN No:14 in Table 2 ), respectively. 
Conclusions
In this study, the effectiveness of the combination of global and local vibration characteristics of a GFRP sandwich beam-like structure when introduced to ANNs for severity and location prediction of various damage with different extent at different locations is investigated. The damage identification algorithms presented here use the dynamic characteristics of both intact and damaged cantilever sandwich beam-like structures obtained via finite element modelling and analysis tool. The local damage is simulated as debonding between the GFRP skin and the soft foam core material. In the finite element models, 5 different damage severities are simulated at 26 different locations along the span of the beams and on these 130 indi- vidual models, normal mode dynamic analyses are performed to find the first three undamped natural frequencies and corresponding displacement mode shapes. Changes in natural frequency due to damage are then calculated for each out-of plane bending mode and curvature mode shapes are gathered from the normalised displacement mode shapes by using central difference approximation. All global (changes in natural frequency) and local (curvature mode shapes) vibration analysis data of the intact and the damaged beams are then assembled.
The supervised feed-forward backpropagation ANNs with one hidden layer are designed and different combinations of input (reduction in natural frequencies, maximum absolute difference in curvature mode shape and its spatial location along the span of the beam) and output (damage severity and damage location) pairs are introduced them for the training and the validation runs. Having completed the training and validation processes, those designed ANNs are also tested for the new damage cases and checks are made for severity and location predictions.
The results obtained from the new test cases show that the selection of analysis features considered as input data for ANNs is very crucial from the accuracy point of view of the prediction of the damage severity and location. It can be seen from the damage severity test runs that including RNF as an input in the training set improves ANN predictions. In the test runs aiming determination of damage location on the other hand, MADC and LOC information serve as better indicators. When the combinations of all three features are introduced to ANNs, the prediction results regarding severity and location of the damage are as promising as the ones obtained from the individual inputs. Additionally the trained ANNs give quick response to online applications. By considering this time aspect, a single ANN can also be used in the predictions of both damage location and severity. Despite numerous factors affecting the accuracy of the vibration-based analysis performed on intact and damaged sandwich beams, the damage location and severity predictions obtained from the selected ANNs are in close agreement with the expected target values with acceptable deviations.
